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1. INTRODUCTION

The use of hyperspectral remote sensing as atool for scientific investigations at aregional scale has been
developed to amuch greater extent in the fields of geology and terrestrial biology than for aquatic ecosystems (see
previous AVIRIS workshop proceedings). Thisistrue despite the fact that a substantial amount of published data
exists concerning the spectral reflectance signatures of substances (both biotic and abiotic) found in aquatic
environments. These datainclude studies that document the spectral signatures and shifts associated with different
concentrations of phytoplankton-associated chlorophyll a in surface waters (Gitelson ,1992; Rundquist et a., 1996;
Schalles et a., 1998); the spectral reflectance signatures of differing concentrations and types of suspended
sediments (Goodin et a., 1993); and the effect of mixed chlorophyll a and suspended sediments on overall spectral
reflectance (Han et a., 1994; Schalleset al., 1997). Another line of spectral based research focuses on detecting the
spectral reflectance signatures of algal accessory pigments. This approach, based on the taxonomic specificity of
algal pigments (Rowan, 1989), has been used successfully to demonstrate the optically based distinction between
different types of phytoplankton (Dekker et al., 1992a,b; Richardson et al., 1994; Richardson, 1996).

The different spectral reflectance signatures of algal accessory pigments are based on different functional
light absorbing characteristics of individual pigments. These spectral signatures are particularly useful for
hyperspectral imaging sensor data analysis in aquatic applications because the specific signatures can be used to
support the classification and mapping of different types of phytoplankton assemblages. While this approach has
been considered for some time (Prieur and Sathyendranath , 1981), and the theoretical basis for implementation has
been advanced in terms of hyperspecral datain recent years (Dekker and Hoogenboom, 1996; Kruse et al., 1997), it
isonly very recently that this application has been realized using hyperspectral (AVIRIS) regional data (Richardson
and Kruse, 1999). Thislatter work has shown that AVIRIS data can discriminate between different phytoplankton
assemblages that are present in sub-basins of Florida Bay, specifically phytoplankton blooms dominated by diatoms,
cyanobacteria, and green microalgae.

The capability of AVIRIS data to discriminate and map phytoplankton community structure is possible due
to spectral based data analysis of AVIRIS imagery. The spectral analysis approach has extended the use of aquatic
remote sensing beyond the traditional detection of chlorophyll a (a pigment common to all algae) in an overall
approach that parallels that used by geologists in remote sensing of minerals based on their spectral signatures
(Kruseet al., 1997). The aquatic application can be extended further to discriminate phytoplankton from other
aquatic photosynthetic organisms that also contain chlorophyll a. Such an effort cannot be successfully carried out
using data from sensors such as SeaWiFS that were specifically designed to detect the 433 nm absorbance feature of
chlorophyll a because such sensors cannot distinguish between algal, seagrass (or benthic macroalgal) associated
chlorophyll a (Stumpf et a., 1999). Hyperspectral data, on the other hand, offer spectral information in addition to
the 433 nm signal, including the capability to detect a second chlorophyll a signal - a peak near 700 nm - that both
shifts and becomes more pronounced as chl a concentrations in near surface waters increase (Gitelson, 1992;
Rundquist et al., 1996). This particular signal is obscured by any overlying water column due to absorbance by
water itself.

We report here the use of AVIRIS data to discriminate between seagrass, phytoplankton, and benthic algal
matsin Florida Bay, and extend our previous work on discrimination of different phytoplankton assemblages.

Florida International University, Miami, Florida (richardl @fiu.edu)
“Analytical Imaging and Geophysics LLC, Boulder, Colorado (kruse@aigllc.com)



2.METHODS
2 1Field Site.

Our field site, FloridaBay, USA, islocated to the south of the Florida peninsula and to the west and north
of the FloridaKeys. The bay has been our experimental field site for an investigation into the use of AVIRIS datain
aquatic applications for a number of years, and is described in detail elsewhere (Richardson and Zimba,2000). The
feature that makes this an exceptional research siteis the fact that the bay consists of a number of discrete sub-basins
(both optically clear and optically dense) that are characterized by different, distinctive phytoplankton blooms.
Seagrass beds are al so present.

2.2 AVIRIS Data and Groundtruthing.

Eleven AVIRIS scenes were acquired of Florida Bay on March 23, 1996. On thisdate AVIRIS was flown
on NASA'’s ER-2 high-altitude aircraft to yield scenes that were 10 by 12 km with 20m pixels. The eleven scenes
were acquired in three separate runs that imaged most of the central, northern, and eastern bay. During AVIRIS data
acquisition groundtruth sampling (for algal accessory pigments) was conducted from a small boat in seven sub-
basins of the bay. The groundtruth data set, which consists of a suite of accessory pigments measured using HPLC,
has been described previously (Richardson and Kruse, 1999; Richardson and Zimba, 2000).

Two of the eleven scenes were selected for a study aimed at discriminating seagrass, benthic algal mats,
and different phytoplankton assemblages. The two scenes represent very different areas of Florida Bay. One of
these (run 5, scene 2) is anearshore (north central) area of the bay that images a portion of the wetlands ecosystem
located at the southern tip of the Florida peninsula. This scene contains the sub-basin Rankin, one of the seven
AVIRIS flight groundtruth basins. Rankin consistently exhibits optically dense phytoplankton blooms and high
concentrations of suspended sediment. (Suspended sediments were not measured in the groundtruth field work.)
Part of the bay in the Rankin image exhibits extremely shallow (<1 m) areas. Discrete basins ranging from >1to 2
m are also present. The second scene (run 8, scene 7) islocated in southeastern Florida Bay, an area dominated by
open water (relatively large sub-basins) with some very shallow, exposed sediment areas (that effectively separate
the sub-basins) and keys (small mangrove idands). No groundtruth data were acquired in this area during the
AVIRISflight.

2.3 Image Processing.

AVIRIS scenes were atmospherically corrected using ATREM (Atmospheric Removal Program) prior to
analysis. Image analysis was carried out using ENVI1 (the Environment for Visualizing Imagery) software. Asa
preliminary step, each scene was first spectrally sub-sampled to generate a subscene consisting of visible/near IR
data (365 to 930 nm). Thiswas accomplished by selecting the first 60 bands (bands 1 through 60) of each individual
scene, and removing bands 32 and 33 (at which there is an overlap between two spectrometers). Itisthis
wavelength region in which pigment and sediment data are present.

A spectral library was constructed that included image-derived spectra from pixels associated with each of
the seven groundtruth sample stations. The seven stations were imaged on four of the 11 scenes, with single ground-
truth stations on three scenes, and four stations in four separate basins on one scene. The latter scene (run 8, scene
10) was the focus of our recent work showing that the discrimination of different phytoplankton assemblagesis
possible using AVIRIS data (Richardson and Kruse, 1999). The seven image-derived, phytoplankton endmember
spectra were supported by groundtruth algal accessory pigment data. Two additional endmember spectra were
extracted from the Rankin basin scene (run 5, scene 2) in areas that contained seagrass beds (optically clear water
column) and algal mats on the surface of sediment. No groundtruth data were collected at the seagrass and algal mat
sites; rather, identification of these pixels as containing endmembers was based on a combination of viewing the
imagery and looking for algal mat pigment signatures (see Richardson, 1996). The algal mats also had a sediment
signature.

AVIRIS image classifications, using the nine endmember spectra, were conducted using the Spectral Angle
Mapper (SAM) agorithm. SAM isan automated method for comparing image spectrato individual spectra
(Boardman, unpublished data; Kruse et al., 1993). The algorithm determines the similarity between two spectra by



calculating the “spectral angle” between the two, treating them as vectors in a space with dimensionality equal to the
number of bands. The classifications presented in this paper had a maximum SAM angle of 0.20 radians (maximum

possible = 2mtradians).
3. RESULTSAND DISCUSSION

The image-derived spectraused for AVIRIS image classifications are shown in Figure 1. In thisfigure the
top seven spectra correspond to the seven different phytoplankton assemblages. These spectra were extracted from
pixels associated with groundtruth sample sites (seven basinsin Florida Bay) at which pigments were sampled
during the AVIRIS flight. The bottom two spectra, algal mat/sediment and seagrass, were extracted from an
AVIRIS scene (run 5, scene 2, as indicated in Figure 2a) that included these features.
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Figurel. AVIRISImage-Derived Endmember Spectra.

The seven phytoplankton endmember spectrain Figure 1were supported by the algal accessory pigment
data presented in Table 1. These data are part of amuch larger (> two year) data set that has been discussed in detail
elsewhere (Richardson and Zimba, 2000). The simplified pigment data presented here are limited to chlorophyll a
and three taxonomically specific accessory pigments: chlorophylls b and ¢, and myxoxanthophyll. Chlorophyll bis
an indicator pigment for green algae. (Itisalso found in seagrass and all other higher plants.) Myxoxanthophyll isa
carotenoid pigment unique to cyanobacteria. Chlorophyll ¢ is specific to the Chromophyte algae, which include
diatoms and dinoflagellates. In the central/eastern/northern areas of Florida Bay that we are working with, diatoms
are the main chl ¢ containing phytoplankton group (while dinoflagellates dominate in the west). Thusthe datain
Table 1 can beinterpreted to reveal the type of phytoplankton bloom present in each basin as follows:
diatoms only (Calusa); diatoms and cyanobacteria (Pollock, Porpoise, Crocodile, Manatee); diatoms,



Table 1. Algal Pigments Present in Groundtruth Basinsin Florida Bay.

Basin Chlorophyll a Chlorophyll b Chlorophyll ¢ Myxoxanthophyll
Calusa 0.39 g/l 0 0.14 pg/l 0
Pollock 0.42 pg/l 0 0.14 pg/l 0.06 pg/l
Porpoise 0.36 pg/l 0 0.12 pg/l 0.06 pg/l
Crocodile 0.83 pg/l 0 0.18 pg/l 0.07 pg/l
Manatee 0.53 pg/l 0 0.07 pg/l 0.06 ug/l
Jimmie 0.80 pg/l 0.13 pg/l 0.13 g/l 0.08 pg/l
Rankin 0.88 pg/l 0.30 pg/l 0.25 g/l 0.10 pg/l

cyanobacteria and green microalgae (Jimmie and Rankin).

In addition to the three different types of phytoplankton assemblages, there were some differencesin the
relative proportions of phytoplankton type in the six mixed assemblages. Thus the two basins with three major
groups of phytoplankton present (diatoms, cyanobacteria, and green algae) differed in that Rankin had relatively
more green algae and diatoms than Jimmie. Rankin also had a high component of suspended sediment
(observation). Four of the basins had a mixture of diatoms and cyanobacteria (Pollock, Porpoise, Crocodile, and
Manatee). Of these, Crocodile had the highest overall concentration of phytoplankton (as revealed by the relative
amount of chl a). Pollock and Porpoise had the highest ratios of diatoms to cyanobacteria, as evidenced by the
relative amounts of chlorophylls c and a. Manatee had the lowest proportion of diatoms. For a detailed discussion
of the interpretation of pigmentsin Florida Bay, with additional dataincluding phytoplankton enumeration
(microscopic cell identifications and counts) see Richardson and Zimba, 2000.

Thetwo AVIRIS scenes used for SAM classification are shown in Figure 2. Here the scenes are presented
as grayscale outputs of three-band composite images (bands 8, 20, and 35, centered at 439, 557 and 685 nm
respectively). Figure 1A indicates the location of the Rankin groundtruth sample station (arrow) in Rankin basin as
well as the two areas of the image where the seagrass and algal mat endmember spectra were extracted. There were
no groundtruth stations sampled in scene 2B.

Seagrass

Figure2. Unclassified AVIRIS Scenes. (A =run 5, scene2. B =run 8, scene 7.)

Figures 3 and 4 present classification results of the scenes shown in 2A and 2B respectively. Figures 3A
and 4A show SAM classification outputs in which classes were combined to present the distribution of the three
major data targets —algal mat/sediment, seagrass beds, and phytoplankton. Both Figures 3 and 4A are classified
with the same grayscale class code. Thusin each figure, phytoplankton are classified as black (with the seven
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Figure3. SAM Classifications (seetext). Classified pixels= grayscalesand black; unclassified = white.

phytoplankton classes combined); seagrassislight gray; and algal/sediment mat is medium gray. (Unclassified
pixels are white.)

Figures 3 and 4 C through G (B is discussed below) show the distributions of the three targetsin more
detail. The distribution of seagrassis shown (black pixels) in Figures 3 and 4C, while algal mat/sediment (black
pixels) are depicted in 3and 4D. Figures3 and 4 E, F and G reveal the distributions of the three main
phytoplankton taxonomic assemblages (combined in A). Thusin E only diatoms (Calusa class) are depicted.
Diatoms and cyanobacteria (four combined classes— Pollock, Porpoise, Manatee and Crocodile) are shown
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Figure4. SAM Classifications (seetext). Classified pixels= grayscalesand black; unclassified = white.

in F; and assemblages with all three phytoplankton (Rankin and Jimmie classes) are shown in G.

Figures 3B and 4B present the classification results of the seven phytoplankton endmembers. In both
figures phytoplankton classes are represented as grays and black, and all unclassified, seagrass, and algal
mat/sediment pixels are mapped as white. 1t can be seen that the Rankin scene (3B) had four of the seven different
phytoplankton assemblages. The Rankin assemblage itself is mapped as light gray; areas with diatoms only (Calusa
endmember) are mapped as medium gray; and two mixtures of diatoms and cyanobacteria (Crocodile and Pollock
endmembers) are mapped as black and light/medium gray respectively. Thusit can be seen that the large basin to
the right of Rankin basin (compare with Figure 1A) was primarily the Crocodile mixture of diatoms and
cyanobacteria (black) with a unialgal diatom bloom around the edges (Calusa class — medium gray).



Figure 4b shows the result of the SAM classification of run 8, scene 7 using the seven phytoplankton
endmember spectra. Most of this AVIRIS scene was dominated by alarge basin that contained predominately one of
the endmember phytoplankton assemblages. This assemblage, classified as black in Figure 4B, corresponds to the
Manatee endmember. This assemblage is the mixture of diatoms and cyanobacteria that contained the lowest
relative amount of diatoms. The upper right corner of Figure 4B reveals part of another basin that also mapped as a
mixture of diatoms and cyanobacteria, but in this case the assemblages matched those of Pollock (medium gray) and
Porpoise (dark gray) both of which had the relatively highest ratios of diatoms to cyanobacteria. Along the left edge
of the large basin (Manatee class, black pixels) it can be seen that some areas mapped as Rankin (classified as light
gray), thus exhibited a mixture of diatoms, cyanobacteria, green algae and suspended sediment.

4. CONCLUSIONS

The results presented here demonstrate that hyperspectral (AVIRIS) data can discriminate between
different phytoplankton assemblages and other in-water aquatic organisms (seagrass) dominated by chlorophyll a.
This was achieved using a spectral based data analysis approach that takes advantage of the spectra present in
AVIRISimagery.

We arejust beginning to assess the utility of hyperspectral imaging sensor data for the study of aquatic
coastal zones. As more such data become available a next necessary step will be to validate the output of image
classifications, especially those identifying phytoplankton classes. Phytoplankton exhibit relatively unstable
populations, and it is not valid to assume that any given aquatic body will contain the same population composition
over time spans on the order of days. Thusthereisaneed for groundtruth data acquisition concurrent with
hyperspectral image data acquisition to confirm that spectral matches (algorithm outputs) are correct. Thisis
probably not a problem in the work presented here, because the phytoplankton endmember spectra were extracted
from the image data and were therefore known spectral constituents of Florida Bay when the AVIRIS imagery was
acquired. Although limited to seven stations, the endmember spectra were supported by groundtruth data. Future
endeavours, however, will most certainly include classifications of hyperspectral imagery using spectral libraries
that contain spectra generated, for example, from laboratory cultures, experimental mesocosms, and
spectroradiometer data from other field sites. Positive classification results using such endmembers will have to be
confirmed.
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